Abstract -This paper presents a fast and effective approach to Li-ion battery performance modeling, particularly suited for automotive applications (i.e. HEV, PHEV, BEV). A second-order electrical equivalent circuit model made up by one voltage source, one series resistor and two series RC blocks (dual-polarization model), is here selected as the best trade-off solution for the task, addressing both acceptable levels of accuracy and complexity. While a lithium-iron-phosphate cylindrical battery cell is chosen for the purpose of the study, the presented procedure has broader validity and is mostly independent of Li-ion chemistry and/or cell format. The battery model is parametrized through a low timeconsuming current pulse test, performed during both charging and discharging, at different state of charge levels. The temperature and load-current effects on the battery performance are not considered for simplicity and lightness of the presented model. Validation is carried out by comparing measured and simulated results during the dynamic current pulse test, showing a high level of agreement between the two.
I. INTRODUCTION
Lithium-ion (Li-ion) batteries have gathered great scientific and market attention during the last two decades, in response to an increasing demand in portable electronics: high energy density (both gravimetric and volumetric), high efficiency, low self-discharge and relatively long life have been the major advantages of this technology in respect to nickel-cadmium. However, even though battery cell employment in consumer electronics is rapidly approaching market saturation, a steep increase in overall Li-ion battery demand is expected in the recent years to come, since the technology is rapidly becoming attractive for other sectors, such as stationary power storage, hybrid and electric vehicles, space power systems and back-up (UPS) applications. The biggest issues with lithium-ion battery cells, such as safety, operating temperature range, and cost, are quickly being addressed by technology advancements and mass production. An overview and future prospect regarding different Li-ion chemistries, along with their most suitable application, is shown in [1] , [2] .
The automotive sector, above all, is now on the edge of a drastic shift, since international regulations on fuel consumption and carbon emissions are becoming increasingly binding and, therefore, manufacturing common gasoline or diesel powered vehicles may soon no longer be allowed. In order to meet pollution restrictions, researchers are developing and deploying vehicles with an increasing level of electric hybridization, from hybrid electric vehicles (HEVs) [3] , to plug-in hybrid electric vehicles (PHEVs) [4] , [5] and eventually to pure electric vehicles (EVs). This phenomenon is acting as a strong driving force for Li-ion battery technology, both from a scientific development and a cost reduction point of view. While automotive battery requirements vary depending on drivetrain power and level of hybridization of the specific vehicle considered, commonly desired characteristics are high energy and power density, high level of safety and reliability, high life cycle number (which translates in long vehicle mileage) and lowest possible cost. These properties are mostly embodied by lithium-iron-phosphate (LiFePO 4 ) battery chemistry: while it is not the most energy dense Li-ion cathode technology, it shows exceptional stability (intrinsic safety, long life cycles), high power capability during both charge and discharge and low material cost [2] , [6] , [7] .
Since lithium-ion battery performance highly depends on the operating conditions, such as the state of charge (SOC), temperature and load current, it is non-trivial to understand how battery cells will behave in a certain application. In order to optimize system-level design and energy management control strategies, this knowledge is essential: battery performance modeling and extensive battery cell characterization allow to accurately predict battery terminal current and voltage (I-V behavior) in most conditions. Accurate simulations also allow avoiding a lot of real-world tests on the battery itself, thus reducing required time and cost. Furthermore, battery models are often needed for real-time applications, such as in battery management systems (BMS), which monitor and control Li-ion battery cells when grouped and wired into packs. The main tasks of a BMS are to balance the battery pack (i.e. keeping the cells at the same SOC level) and to communicate its energy and power availability to the rest of the system. To execute these tasks in an effective way, an accurate battery model, able to estimate each battery cell's SOC and state of health (SOH) from its terminal voltage and load-current history, must be implemented in the BMS on-line control strategy.
A large number of battery cell model types are reported in literature, but the most suitable for system-level design and real-time application are definitely electrical models, also known as electrical equivalent circuits (EEC). Two main kinds of EECs exist [8] - [11] : impedance-based models and Thévenin-based models. Impedance-based models usually contain a complex network of circuit elements and specific impedance blocks (such as the constant-phase Warburg element) to fit experimental impedance spectra, extracted by electrochemical impedance spectroscopy (EIS) tests in the frequency domain [12] , [13] . Since the EIS test procedure requires specific instrumentation and the fitting process is complex and non-intuitive, impedance-based models are not commonly adopted in practice. Thévenin-based models, on the contrary, are easier to work with, as they are normally made up by a series of a voltage source, a resistor and a set of parallel RC blocks: the parameter values are fitted on battery voltage responses to load current pulses in the time domain [9] . These models are particularly attractive, due to their simplicity, easiness of comprehension and standard test instrumentation requirement: they are therefore the most adopted models.
Specifically, battery models for automotive application must have the best trade-off between simulation accuracy, computational complexity and parametrization effort. In general, the higher the model fidelity, the more effort will be required from both testing (time-consuming and expensive) and computing. Since the automotive field requires light and efficient models which must not sacrifice accuracy, both for system-level simulation (e.g. drivetrain electrification) and for real-time applications (e.g. BMS), the Thévenin-based EEC models represent the best choice. Battery model parameters can be easily extracted from pulse charging/discharging cell responses in different operating conditions, using standard laboratory equipment (e.g. power supplies, electronic loads, multimeters, etc.) in a short time period [14] . Furthermore, it is important to mention that accuracy and complexity of a Thévenin-based model both increase with the number of RC blocks adopted, as shown in [15] .
The scope of this paper is to present an automotive-specific battery model, valid for a generic lithium-ion battery chemistry, highlighting its strengths and weaknesses during the battery cell testing, parameter extraction and simulation phases. The goal of the work is to provide automotive designers and powertrain engineers a complete tool to test, extract and model the battery behavior under different operating conditions: knowledge which may be used for system-level design or real-time control logics. This paper is organized as follows. In section II, a Thévenin-based EEC model for electrified vehicle applications (HEV, PHEV, EV) is proposed and its choice is justified. Section III describes the battery cell chosen for this work and the experimental setup utilized to perform the cell characterization tests, which are presented in section IV. Section V illustrates the battery model parameter extraction procedure, while section VI shows a comparison between measured and simulated data, to provide validation of the proposed model. Finally, section VII concludes this paper.
II. BATTERY PERFORMANCE MODEL
Even restricting the battery model choice to the Thévenin-based EEC models (for the reasons illustrated in the previous section), a wide range of alternatives still exists among them: an overview of these models and their performance comparison is available at [16] - [18] . Thévenin-based models differ mainly in the number of RC parallel pairs they possess, which affect both their accuracy and complexity [15] : the most common models found in literature present one RC block, as in [19] - [22] , two RC blocks, as in [10] , [11] , [23] - [28] , three RC blocks, as in [29] and a more generic N RC blocks, as in [30] , [31] .
Given the relatively low complexity required by automotive system-level simulations and on-line control algorithms, no more than two RC blocks can be adopted for most applications. Furthermore, since one single RC pair is not capable of accurately modeling both fast and slow dynamics (an essential feature for automotive applications), the second-order Thévenin-based EEC model is chosen for the purpose of this paper. This equivalent circuit model, shown in Fig. 1 , is made up by a voltage source in series with a resistor and two RC blocks. It is also known as double polarization (DP) model, since the two RC pairs normally represent the behavior of two different dynamical processes taking place inside the battery [11] , [22] , [28] , [32] : the activation polarization and the concentration polarization. The activation polarization, or charge-transfer polarization, represents the voltage involved in increasing the rate of the chemical reactions, or, in other words, the voltage needed to overcome the activation barrier: this phenomenon is the fastest between the two and is thus fitted by the smaller time constant RC block (R 1 C 1 ). The concentration polarization, also known as diffusion or mass-transport polarization, represents the voltage involved in the concentration gradients of the charge carriers in the electrolyte: this is the slowest between the two phenomena and is thus fitted by the larger time constant RC block (R 2 C 2 ). The series resistor R 0 represents the ohmic resistance of the battery cell, which is made up by different contributions belonging to the cell connectors, the current collectors, the electrolyte and the active materials. Finally, the voltage source represents the open circuit voltage (OCV), also referred as the cell terminal voltage in thermodynamic equilibrium conditions.
It must be mentioned that all the presented model parameters highly depend on operating conditions. OCV and R 0 mostly depend on SOC and temperature, while resistors and capacitors belonging to the RC blocks also depend on load current (and its direction). This means that high-level accuracy models must consider all these dependencies, by extensively characterizing the battery cell, which is expensive and timeconsuming at least. In order not to overcomplicate the model and the characterization procedure, while maintaining a fast and efficient approach, some choices have been made for the purpose of this work: temperature and load current effects on battery performance have been neglected, restraining the parameter dependencies to state of charge and current direction. As a matter of fact, avoiding the load current dependency of the parameters does not greatly affect the model accuracy, while neglecting their temperature dependency definitely impacts on the model fidelity. However, implementing temperaturedependent circuit components would also require the realization of a parallel running thermal model to estimate the battery cell temperature during the simulation, which would worsen the computational burden.
The SOC dependency of the equivalent circuit elements is implemented in look-up table form, thus a running SOC calculator block is needed inside the model. An algorithm integrates the instantaneous battery load current and computes the SOC through its definition:
where is the battery state of charge in percentage form, (0) the initial state of charge, ( ) the instantaneous load current in A and is the battery cell capacity in Ah. The SOC information thus exits the calculator block and gets fed to the equivalent circuit parameter look-up tables: the whole model is easily implemented in MATLAB/Simulink environment.
III. EXPERIMENTAL SETUP
The characterization tests are performed on a specific LiFePO 4 cell from A123, the ANR26650M1-B cylindrical model [33] : its main parameters are reported in TABLE I. The experimental setup is shown in Fig. 2 and is made up by a Solartron Analytical 1470 battery cell tester [34] , connected to the battery cells under test through power wires and directly communicating with a computer through GPIB interface. The tester has 8 separated test channels available, each capable of withstanding 15 V and carrying 4 A (either in charge or discharge), but more channels can be wired in parallel to carry higher currents. Neither of the tests here presented requires parallel configurations, since the absolute value of the current is never greater than 4 A, therefore the battery cells under test are wired to separate channels of the testing device. The Solartron Analytical 1470 can be programmed through a software interface to charge/discharge the connected battery cells with user-defined dynamical current or voltage profiles. This allows to perform all the test procedures presented in the following section. It must be said that the tests have been performed on three cells of the same type to reach a minimal statistical relevance, however, the behavior under test and the set of extracted EEC parameters belonging to only one cell will be shown, for clarity reasons.
IV. CHARACTERIZATION PROCEDURE
The battery cells are characterized by a set of subsequent tests, illustrated in Fig. 3 , which aim to collect the necessary data to parametrize the presented equivalent circuit model.
A. Preconditioning test
The preconditioning test here implemented is made up by three full charge/discharge cycles at 0.5C (i.e. 1.25 A) carried out at ambient temperature. A 90-minute rest is undertaken after either every full charge or discharge. The total time required by this test is roughly 24 hours.
B. Capacity test
The capacity of a battery cell (i.e. the total charge that the cell can provide during a full discharge) represents one of its most important parameters, since it not only provides an indication of the battery energy content, but its value is also necessary to define the state of charge variable, as shown in (1). Cycle life > 1000 cycles Fig. 3 . Battery cell characterization flow chart. 
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A nominal capacity value is always provided by the manufacturer inside the battery cell datasheet (i.e. TABLE I), however, since it represents a worst-case estimate, a test should be performed to estimate a more reasonable value to be employed inside the cell model.
Battery capacity normally depends on the discharge current at which the test is performed, following Peukert's law:
where 70 is the capacity of the cell measured during a 1C discharge, is the discharge current, is the time required by the discharge and is the Peukert's coefficient (≥ 1). Since lithium-ion batteries show a Peukert's coefficient value very close to 1 [6] , the total charge that can be extracted from the cell is not significantly dependent on the current value. However, the load current largely affects the battery terminal voltage drop and, in order to avoid hitting prematurely the lower discharging threshold voltage (i.e. 2.5 V), an effective capacity measurement should be performed at low current rates. This paper will consider a unique value of capacitance (independent on the charging/discharging current rate) extracted at C/5 (i.e. 0.5 A). This test can be performed both by charging or discharging the battery: in the first case a constant current (CC) charge at C/5 is applied until the upper voltage threshold is reached (i.e. 
C. Relaxation test
The relaxation test should provide a comprehensive view of the battery cell dynamics: the aim of this test is to show the order of magnitude of the time constants involved in the battery dynamical response. The cell is discharged with a constant current value of 2.5 A until 50% SOC is reached. The current is then interrupted and the voltage is measured during a 20-hour relaxation period, as in Fig. 5(a) .
The complete battery cell characterization is a highly timeconsuming process, mostly due to the numerous and recurring relaxation periods during the current pulse test (presented in the following section), therefore the time length of these periods must be chosen carefully. Long relaxation times provide accurate OCV data but have a considerable impact on the overall test time, thus a compromise must be accomplished. The relative error made by cutting off the relaxation at a certain time instant can be expressed as:
where is the open circuit voltage (the last voltage value of the relaxation period), while ( ) and (0) are the instantaneous voltage and the initial voltage value respectively. The voltage relative error is shown in percentage form in Fig.  5(b) : it can be noticed that the greatest amount of the error (more than 90%) falls during the first hour of relaxation.
D. Current pulse test
This test allows the proper characterization of the EEC model by soliciting the battery with charging/discharging current pulses while observing its voltage response. Furthermore, to fully parametrize the equivalent circuit elements, pulses must be performed across the whole battery SOC range. The test procedure implemented in this work is shown in Fig. 6 and consists of three main parts: 1. Series of 1C discharging current pulses (i.e. 2.5 A) separated by 10-minute rest periods in between. Each pulse discharges 5% of the battery cell SOC, until the lower threshold voltage is reached (i.e. 2.5 V) and a constant voltage discharging procedure is applied to fully discharge the cell. 2. 10-hour rest period; the cell approaches thermodynamic equilibrium and chemical hysteresis effects are reduced. 3. Series of 1C charging pulses separated by 10-minute rest periods in between. Each pulse charges 5% of the battery cell SOC, until the upper voltage threshold is reached (i.e. 3.6 V) and a constant voltage charging procedure is applied to fully charge the cell. It is easy to see how the relaxation periods between pulses account for the most part of the overall test time: the hereimplemented procedure is quite rapid, as the whole dynamic characterization test can be carried out in less than 24 hours. However, this choice has undoubtedly its drawbacks, since the model will only be capable of predicting dynamics of higher or same order of the test relaxation period: slow chemistry-related dynamical phenomena will not be modeled in this case. Moreover, low relaxation times directly translate in low OCV accuracy, since the voltage cannot reach its stationary condition (thermodynamic equilibrium), as explained before
V. PARAMETER EXTRACTION
The model parameter extraction process is based on the current pulse test and is well explained in [9] , [26] : the parameter values are obtained from the short rest periods subsequent to the current pulses, since the battery SOC remains unchanged during these phases. A highlight of a single voltage relaxation event is shown in Fig. 7 .
The first extracted parameter is the OCV, obtained as the last voltage value at the end of the relaxation: the larger the relaxation period, the more accurate will be the extracted OCV value. The R 0 value is then acquired from the sudden voltage variation 4 following the current pulse end ∆ : 
The fitting process is carried out in MATLAB environment, using a bounded-parameter least-square algorithm, and 7 , 7 , G , G are thus extracted. Their relationship with the model equivalent circuit parameters is the following: The presented procedure is performed both for the pulse discharging and pulse charging tests: the extracted parameter datasets are only available between 5% and 95% SOC (due to the nature of the test itself) and are shown in Fig. 8 . The OCV shape is noticeably different between charging and discharging and the two curves show a roughly constant offset: this is mostly due to the limited relaxation time of the test procedure. In this work, the battery hysteresis effects are neglected, since a very time-consuming experiment would be needed to highlight them: an average value between the charging and discharging OCV is therefore used for the modeling purpose. 4 shows an approximately constant behavior over the whole SOC range, since the ohmic resistance of the cell only depends on temperature. Furthermore, while time constants 7 and G result nearly independent on SOC, the respective equivalent resistors and capacitors consistently change in value towards the edges of the SOC range. Resistance values increase in discharge towards 0% SOC and in charge towards 100% SOC: this is mainly because, in these regions, both activation and concentration polarization phenomena increase their impact on the battery terminal voltage.
VI. MODEL VALIDATION
The model validation process is carried out by comparing the measured and simulated waveforms during the current pulse test, both in discharging and charging (Fig. 9) . It must be mentioned that the comparison is only performed between 5% and 95% SOC values, in agreement with the model parameter set availability.
The voltage absolute error is shown in Fig. 10 , defined as the difference between the measured and the simulated voltage:
A general high fidelity level is observed since the absolute error module lies below 10 mV along most of the test procedure: a considerable increase in the error value is seen towards the end of the test, both in charge and in discharge. This is mostly due to the rapidly increasing cell resistance ( 7 and G ) while approaching the SOC edges, as shown in Fig. 8 : the model parameter discretization becomes insufficient to precisely predict the battery behavior. While the maximum absolute error hits 88 mV (in the pulse discharging test), a better indicator of the overall model fidelity may be provided by the root mean square error (RMSE): 
where is the considered time period. The calculated global RMSE is 5.7 mV. It should finally be noted that the model better behaves during the relaxation period since the equivalent circuit parameters have been extracted during this phase.
VII. CONCLUSIONS
A battery performance modeling approach, mostly suited for automotive applications, is presented in this paper. The scope is to provide a comprehensible and rapid tool for automotive designers and powertrain engineers to model and parametrize battery cells in a time and cost-effective way, without sacrificing a certain level of dynamical precision. A trade-off between accuracy, computational complexity and parametrization effort is achieved, by selecting a double-RC equivalent circuit model and performing a fast and effective set of characterization tests. A final comparison between measured and simulated results validates the performance model, showing a high level of fidelity: the voltage prediction error lies below 10 mV in most of the battery operating SOC range, resulting in an overall RMSE value of 5.7 mV.
Since no tests have been performed to evaluate the battery cell performance dependency on temperature and current rate, the presented model is clearly limited in its predictive capabilities outside the narrow set of extracted parameters. The enhancement of this parameter set will be the object of the authors' future work, in order to extend the model validity to a broader set of operating conditions, while necessarily accepting more expensive and time-consuming testing. The model realtime implementation, coupled with an extended Kalman filter for SOC estimation, will also be the object of future study.
